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Study  region:  This  paper describes  a  major  ensemble-forecasts  ver-
iﬁcation  effort  for inﬂows  of  three  large-scale  river  basins  of Brazil:
Upper  São Francisco,  Doce,  and Tocantins  Rivers.
Study focus:  In experimental  scenarios,  inﬂow  forecasts  were
generated  forcing  one  hydrological  model  with  quantitative  pre-
cipitation  forecasts  (QPF)  from three  selected  models  of  the  TIGGE
database.  This  study  provides  information  on the regional  ensemble
performance  and  also  evaluates  how  different  QPF  models  respond
for  the  different  basins  and  what  happens  with  the  use  of  combined
QPF in  a greater  ensemble.
New hydrological  insights  for  the  region:  This work  presents
one of the  ﬁrst extensive  efforts  to  evaluate  ensemble  fore-
casts for large-scale  basins  in  South  America  using  TIGGE  archive
data.  Results  from  these  scenarios  provide  validation  criteria  and
conﬁrm  that  ensemble  forecasts  depend  on the  particular  EPS  used
to  run the  hydrological  model  and on the  basin  studied.  Further-
more,  the  use  of  the  Super  Ensemble  seems  to  be  a  good  strategy  in
terms  of  performance  and  robustness.  The  importance  of  the  TIGGE
database  is also  highlighted.
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1. Introduction
Forecasts of streamﬂow and river stage can be used to anticipate ﬂood events in exposed urban
centres, to improve the safety of navigation, and to optimize the operation of reservoirs and other
hydraulic structures. In many applications, the beneﬁts of the forecasts increase with lead-time, as
people have more time to prepare for the coming ﬂood or drought. In numerous cases, this implies
that forecasts of river discharge have to be based on forecasts of future rainfall. Unfortunately, those
quantitative precipitation forecasts are far from perfect and show high uncertainty.
During the last two decades, the importance of considering uncertainties in hydrological forecasting
has increasingly been recognized. The preferred method for considering uncertainty is to use ensemble
forecasts (Georgakakos and Krzysztofowicz, 2001; Cloke and Pappenberger, 2009; Pappenberger and
Brown, 2013). In this type of prediction, inferences about future scenarios are made by considering,
for example, multiple possible trajectories of atmospheric variables to represent the meteorological
uncertainty, which when applied to a hydrological model, result in distributions of streamﬂow trajec-
tories (Cuo et al., 2011; Pappenberger et al., 2011a,b; Demeritt et al., 2007; Cloke and Pappenberger,
2009; Xuan et al., 2009). In some cases, the uncertainty related to the hydrological model is consid-
ered by applying multiple hydrological models, for example (Abebe and Price, 2003; Fraley and Raftery,
2010; Velázquez et al., 2011; Franz and Hogue, 2011; He et al., 2012; Demirel et al., 2013; Bourdin
and Stull, 2013). The growing use of ensemble forecasts is justiﬁed by the increased performance over
deterministic forecasting in the case of ﬂoods (Boucher et al., 2011; Younis et al., 2008; Schellekens
et al., 2011; Verkade and Werner, 2011; Roulin, 2007; Bartholmes et al., 2009; Buizza, 2008; Golding,
2009) and in the case of reservoirs operation (Boucher et al., 2012; Zhao et al., 2011, 2012; Bourdin
and Stull, 2013).
This paper describes a major ensemble-forecasts veriﬁcation effort for inﬂows of three large scale
basins reservoirs, located in the tropical regions of Brazil. The inﬂow forecasts are generated by forcing
one hydrological model with quantitative precipitation forecasts, (QPFs), from three selected models
of the TIGGE database (Bougeault et al., 2010). The objective of this study is not only to help ﬁll the
knowledge gap on ensemble performance in the region, but also to understand how different model’s
QPFs behave for different basins in comparison to each other, and what happens when using combined
QPFs in a greater ensemble.
Veriﬁcation investigations are important because they help to show the potential beneﬁts of tested
techniques and products, and allow better understanding of the modelled systems. Based on results,
developments can be planned that aim to improve accuracy (Alﬁeri et al., 2014). Also, in the context of
operational use, veriﬁcation investigations help to highlight the current system fragilities, that need
to be taken into account when forecast results are to be used for decision making (Pagano et al., 2014).
Some examples of streamﬂow ensemble forecasting studies focusing on veriﬁcations can be found
in recent literature: Renner et al. (2009) introduces a performance evaluation of forecasts at various
stations in the Rhine basin (central Europe) using a hydrological model forced with the weather fore-
casts from the Ensemble Prediction System (EPS) of the European Centre for Medium-Range Weather
Forecasts (ECMWF) and from COSMO-LEPS (Marsigli et al., 2005). Velázquez et al. (2009) evaluate
the performance of a hydrological model forced with the meteorological ensemble forecasts pro-
duced using the global model of the Meteorological Service of Canada for ﬁve watersheds in Quebec
(Canada). Bergh and Roulin (2010) show an analysis of the hydrological ensemble prediction system
(HEPS) developed by the Royal Meteorological Institute (RMI) of Belgium for the Meuse and Scheldt
rivers basins, using one hydrological model forced with the ECMWF-EPS. Thiemig et al. (2010) made
a feasibility study of ensemble ﬂood forecasting in the African Juba–Shabelle river basin, generated
using the same methodology used in the European Flood Alert System (EFAS – Bartholmes et al.,
2009). After this study, Thiemig et al. (2014) presented the African Flood Forecasting System (AFFS) for
medium- to large-scale African river basins, including veriﬁcation analysis. In the work of Schellekens
et al. (2011), the authors evaluate the performance of the MOGREPS (Met  Ofﬁce Global and Regional
Ensemble Prediction System) EPS within one hydrological model for ﬂood forecasting in the Thames
River Region (UK). Bao et al. (2011) used ﬁve EPS from the TIGGE database to force one hydrological
model calibrated to the river Xixian (China) and veriﬁed results for a ﬂood event that occurred in July
2007. More recently, Pagano (2014) shows an evaluation of the operational ﬂood forecasts issued by
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the Mekong River commission, and Alﬁeri et al. (2014) introduce a veriﬁcation of the EFAS ensem-
bles performance for multiple locations in the European river network. In addition to these described
studies, other research that presents veriﬁcations of case studies can be found in Roulin (2007), Olsson
and Lindstrom (2008), Verbunt et al. (2007), Pappenberger et al. (2008), Younis et al. (2008), Jaun and
Ahrens (2009), Xuan et al. (2009), Demargne et al. (2010), Addor et al. (2011), Boucher et al. (2011),
Bourdin and Stull (2013), and Fan et al. (2014a,b,c). In general, all these studies point to the bene-
ﬁts of using ensemble forecasts over deterministic forecasts, as well as providing useful insights into
performances, comparisons of models and opportunities for developments.
Within the present study, we intend to contribute to the current knowledge about ensemble fore-
casting performance, especially for the studied region. Here, better forecasts can be translated into
improved decisions relating to energy generation, dam safety and ﬂood control through hydraulic
structures operation. Our main objective is to investigate the ensemble forecasting system’s perfor-
mance between models and basins, and to discuss the implication of these results.
Our objectives are in compliance with the objectives of the TIGGE database initiative, because we
primarily used the information available in the TIGGE database to run our tests. The database creation
effort include aims related to; allowing a better understanding of combinations of ensembles from
different sources, a deeper understanding of model uncertainties in forecast errors, and improvement
of collaboration on ensemble prediction research. Also, this is the ﬁrst study where TIGGE information
is used for hydrological forecasting purposes in South America. Another scientiﬁc initiative related to
this work is the HEPEX (Hydrological Ensemble Prediction Experiment; Schaake et al., 2006). In this
initiative, forecast veriﬁcation is listed as one of the main topics of interest. Finally, we expect this
work to be a ﬁrst step in the development of a continental forecasting system called SAFAS (South
America Flood Awareness System) that would run using conﬁgurations similar to the ones tested here,
taking into account the improvements based on the insights veriﬁed with the presented tests.
1.1. Operational hydrological forecasting in Brazil
Here, ﬂow forecasts are mainly used for two  purposes: (i) programming the operation of hydroelec-
tric power plant (HPP) reservoirs; and (ii) ﬂood forecasting at vulnerable locations. The predominant
use is however, related to reservoir operation. In Brazil, the National System Operator (Operador
Nacional do Sistema or ONS) is the agency responsible for coordinating and controlling the generation
and transmission of electricity in the National Interconnected System (Sistema Interligado Nacional or
SIN), under the supervision and regulation of the National Electric Energy Agency (Agência Nacional
de Energia Elétrica or ANEEL).
Under normal ﬂow conditions, ONS uses forecasts of daily average ﬂows with 14 days lead time
to schedule the generation of hydroelectricity in the power grid. These predictions are generated
by the ONS itself for some HPPs, and the utilities operating the HPPs (operators of power plants) are
responsible for preparing them in other cases (ONS, 2011, 2012a,b, 2014; Zambon et al., 2012, 2014a,b;
Costa et al., 2014; Oliveira et al., 2014). The ways in which forecasts are generated in these cases
vary widely. Many utilities still use forecasting models with little physical basis, such as PREVIVAZH
(Guilhon et al., 2007; ONS, 2011), which is a model based on a rescaling of weekly forecasts based on
trends of recent past ﬂows and natural ﬂows (Guilhon et al., 2007; ONS, 2011, 2012a,b, 2014).
To improve the forecast skills, ONS organized a performance evaluation of different alternatives for
streamﬂow forecasting to the SIN in 2007 (Guilhon et al., 2007). The considered test sites were located
in the basins of Iguac¸ u, Paraná and Parnaíba Rivers. Several forecasting methods were tested, rang-
ing from physical modelling with lumped or distributed conceptual models, hybrid methodologies,
stochastic models to artiﬁcial intelligence techniques. In the end, ONS came to the conclusion that the
evaluated models had a higher performance than PREVIVAZH. Also, it was concluded that information
of forecasted rainfall resulted in an increased skill of streamﬂow forecasting (Guilhon et al., 2007).
This work led to a greater diversity of models for predicting inﬂow into Brazilian HPPs. It has
also increased the use of Numerical Weather Prediction (NWP) models. Examples are the models for
Parnaíba River basin and for Uruguay River basin, shown by Collischonn et al. (2007a,b) and Fan et al.
(2014a,b,c).
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In cases where a reservoir operation is not considered normal, but as a state of attention, alert
or emergency (deﬁned by volumes and hydraulic constraints), the operation of the reservoirs is no
longer controlled by ONS, but by the local utilities, following certain guidelines established by ONS.
This is critical in the Brazilian reservoirs context, because many of them are multi-purpose and have
operational constraints such as maximum outﬂow (to avoid downstream ﬂoods), maximum forebay
elevation (to avoid upstream ﬂoods and guarantee the dam safety), and maximum rate of change of
outﬂow and level (ONS, 2011, 2012a,b, 2014; Zambon et al., 2012, 2014a,b; Costa et al., 2014; Oliveira
et al., 2014).
In these circumstances, the inﬂow forecasting information is particularly useful to support decision
making, especially when dealing with situations of high ﬂow where each extra anticipated hour of an
approaching event can help to manoeuvre the reservoir into a better state, for example by pre-releasing
water to create additional storage. Precisely for these circumstances, many Brazilian hydroelectric
utilities invest into the development and application of dedicated ﬂow prediction systems that can
provide detailed streamﬂow forecasts to support the operational decision making, and mitigate the risk
of constraint violations. Examples of forecasting systems developed for these purposes are described
in Fan et al. (2014b).
In terms of reservoir inﬂow forecasting technical scenarios in Brazil, one of the still underexplored
issues is the use of ensemble streamﬂow forecasts, as currently almost all of the systems in use work
with deterministic predictions.
In the context of Brazilian reservoir systems, very few applications are found related to hydro-
logical ensemble forecasts, despite the high local dependency on water for energy generation and
intensive use of forecasts for reservoir operation programming, security and ﬂood control. Experi-
ments of ensemble forecasts for the region can be found only in the works of Collischonn et al. (2013)
and Meller et al. (2014), Calvetti and Pereira Filho (2014), and Fan et al. (2014c). The ﬁrst three works
mentioned do not focus on medium-range forecasts in large scale basins, where usually the larger
HPPs reservoirs are located. Instead, they focus on short-range forecasts (up to three to ﬁve days) for
ﬂood anticipation on relatively smaller basins by Brazilian standards (from 12,000 km2 to 20,000 km2).
2. Case studies
In this paper, three large-scale Brazilian basins are used as test cases, the Upper São Francisco River
Basin, the Doce River Basin and the Tocantins River basin, see Fig. 1. The Upper São Francisco river
basin (delimited until the conﬂuence with Velhas River) is located in the southeast part of Brazil, has
an area of approximately 50,000 km2 and includes a HPP called Três Marias on its downstream region.
The reservoir has a volume of almost 21 billion cubic metres and serves multiple purposes, including
ﬂood protection. The travel time of a ﬂood from the most upstream regions of the basin to the HPP
Três Marias reservoir is usually between 24 h and 48 h. The Doce river basin is also located in the
southeast part of Brazil, near the coast, within a region of high-elevation rugged relief. The Aimorés
HPP is located in the lower portion of the Doce river basin, where forecasts are important not only
for power generation and ﬂood control, but also for the sediment management of the reservoir by a
ﬂushing procedure. The travel time of a ﬂood from the most upstream regions of the Doce river basin
to the HPP Aimorés reservoir is usually between 24 h and 48 h. The Tocantins river basin is located in
the central-north part of Brazil, has an area of approximately 350,000 km2 and is extensively used for
hydropower generation, with six major HPPs in the main river (from upstream to downstream: Serra
da Mesa, Cana Brava, São Salvador, Lajeado, and Estreito). The travel time of a ﬂood from the most
upstream regions of the Tocantins river basin to the HPP Estreito reservoir is usually around 72–96 h.
3. Methodology
3.1. Telemetric observed data
Fig. 2 shows a detailed view of the test-beds, including the telemetric gauges (with hourly data)
used in the hydrological models setup and forecasting experiments. These gauging systems are mainly
maintained by the HPP operators in the river basins under the supervision of the Brazilian National
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Fig. 1. Location of the studied basins.
Fig. 2. Detailed view of the test-beds, including the telemetric gauges (with hourly data) used in the hydrological models setup
and  forecasting experiments.
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Water Agency (Agência Nacional de Águas or ANA), and serve for both precipitation and streamﬂow
measures, as a double function transmission system to avoid extra costs. The gauge data is usually
submitted to ANA, who make it available through an Internet portal (www.ana.gov.br/telemetria).
In terms of coverage (Fig. 2), none of the basins have a very dense gauging network (density is
around 4000 km2 per gauge in the Upper São Francisco and Doce basins and approximately 7000 km2
per gauge in the Tocantins basin). This is not exactly desirable for modelling and forecasting purposes,
since heavy concentrated rainfalls that might induce ﬂoods cannot be captured by the gauges, or pre-
cipitation can be overestimated over large areas by the lack of surrounding information, as discussed
by Fan et al. (2014c).
The Upper São Francisco basin can be considered the basin with the best distribution of gauging
stations, with gauges over the entire region, with the exception of the upstream region of the west
tributaries. In the Tocantins river basin, the most upstream portion has practically no information, and
in the Doce River Basin the largest factor in data unavailability is due the lack of information in the
north and south upstream areas.
Although this streamﬂow and rain gauge information does not have a desirable density, it is cur-
rently in use at operational forecasting systems developed for the basins. It is, therefore, the best
information available, and so it was used in the presented work.
It is important to mention that the conﬁguration used in the experiments is intended to be exactly
the same as the operational systems developed for the basins, and was  therefore not considered an
ideal-world data availability (i.e., information that would not be available at real-time). This conﬁg-
uration reproduces the information currently available for operational forecasting and in use at the
test-beds.
Finally, as the Tocantins river basin has part of the streamﬂow controlled by reservoirs, one extra
consideration was taken into account. All the outﬂows of the reservoirs were considered as completely
known until day 3 of the forecast. From this day, the outﬂows were considered as “run of the river” (e.g.
inﬂows match outﬂows). This consideration comes from the practice of forecasting in the basin, where
usually the expected outﬂow of reservoirs is known between one to ﬁve days in advance. This way,
we adopted three days as an average value for the experiments. It is important to have in mind that
this consideration affects the results of forecasts veriﬁcation for the ﬁrst days of the forecasts, usually
indicating better performances in terms of metrics, since the knowledge about the future is greater.
3.2. Hydrological modelling
We  use the MGB-IPH (Modelo de Grandes Bacias – Instituto de Pesquisas Hidráulicas) model
(Collischonn et al., 2005, 2007a,b; Paz et al., 2007; Paiva et al., 2013) to conduct ensemble stream-
ﬂow forecasts based on meteorological forcing. MGB-IPH is a large-scale distributed hydrological
model that calculates streamﬂow from precipitation data. It uses a Hydrological Response Unit (HRU)
approach (Kouwen et al., 1993), combining information from soil types and vegetation cover. In the
model, the basin is divided into small catchments based on topography from digital elevation models
(Paiva et al., 2013). Every catchment is further divided into different HRUs. Streamﬂow is generated
within each HRU of every catchment using soil water storage and runoff generation approaches similar
to the models Arno (Todini, 1996) and LARSIM (Ludwig and Bremicker, 2006). Water is routed within
catchments to the main rivers using simple linear reservoirs, while river routing can be computed
using a Muskingum–Cunge approach (used in the present application), a full hydrodynamic model
(Paiva et al., 2013), or simpliﬁed hydraulic approaches such as the inertial model (Bates et al., 2010).
Although some processes are represented empirically, the hydrological model has a strong physical
basis, which strengthens the relationship between the parameters and the physical characteristics of
the modelled basin. The model has been applied in several different South American river basins, like
the Amazon (Paiva et al., 2012, 2013), the Grande River (Tucci et al., 2008; Bravo et al., 2009) and
the Uruguay River (Collischonn et al., 2005). The model is also currently being used operationally for
streamﬂow forecasts in the Paranaíba river basin (Collischonn et al., 2007a,b), the Pelotas river basin
(Fan et al., 2014a), the Canoas river basin (Fan et al., 2014a), and for the three basins used as test-beds
in the present study.
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Table 1
Performance indicators obtained in the calibration at some representative stations located in each basin.
Basin Station name Lat (S, W) Long (S, W)  Area (km2) NS NS log dV (%)
Tocantins Goiatins −7.71 −47.31 10,101 0.60 0.71 −9
Tupiratins −8.39 −48.11 244,477 0.78 0.74 −4
Porto  Real −9.31 −47.93 44,321 0.80 0.81 5
Porto Jeronimo −11.76 −47.84 10,219 0.70 0.81 −2
Ponte  Paranã −13.43 −47.14 30,111 0.84 0.88 −1
Fazenda Santana −12.64 −47.88 40,742 0.81 0.86 4
UHE  Estreito −6.59 −47.46 287,800 0.80 0.88 10
UHE  Lajeado −9.76 −48.37 184,219 0.73 0.84 10
UHE  Cana Brava −13.40 −48.14 50,975 0.67 0.84 −9
UHE  Serra da Mesa −13.84 −48.30 57,777 0.65 0.84 −8
UHE  Peixe Angical −12.25 −48.35 125,687 0.72 0.79 8
UHE  São Salvador −12.74 −48.24 61,298 0.69 0.85 −10
Upper São Francisco Ponte Nova do Paraopeba −19.95 −44.31 5784 0.77 0.89 −10
Porto Mesquita −19.17 −44.70 10,450 0.81 0.93 −4
Ponte  dos Vilelas −20.40 −44.63 2619 0.80 0.86 8
Porto  Pará −19.29 −45.11 11,358 0.56 0.63 −15
Iguatama −20.17 −45.72 5485 0.88 0.90 −2
Porto  Andorinhas −19.28 −45.29 14,244 0.86 0.90 −7
Porto  Indaiá −18.68 −45.63 2208 0.50 0.79 6
UHE  Três Marias −18.19 −45.25 51,098 0.84 0.74 3
Major Porto −18.71 −46.04 1216 0.64 0.28 −31
Doce Fazenda Ouro Fino −19.17 −42.83 6360 0.65 0.48 −31
Fazenda Meloso −19.08 −42.88 2190 0.57 0.47 −11
Ponte Nova Jusante −20.38 −42.90 6230 0.66 0.36 −23
Mário de Carvalho −19.52 −42.64 5270 0.55 0.24 −30
Cenibra −19.33 −42.40 24,200 0.85 0.63 −23
Salto Grande −19.17 −42.78 6530 0.63 0.49 −36
Governador Valadares −18.88 −41.95 40,500 0.75 0.61 −30
Vila  Matias Montante −18.58 −41.92 9770 0.41 0.20 20
UHE  Aimorés −19.46 −41.10 62,400 0.90 0.79 2
For the river basins described here the model was  calibrated considering hourly time-steps using
the rainfall and streamﬂow data of the observation networks brieﬂy described before. Also, for the
Tocantins river basin, we used naturalized inﬂow data in the HPPs locations to compare results. The
selected period for calibration is December 2006 to June 2011 for Upper São Francisco and Doce basins,
and January 2008 to May  2013 for Tocantins basin. Table 1 shows the Nash–Sutcliffe model efﬁciency
coefﬁcient (NS), the Nash–Sutcliffe model efﬁciency coefﬁcient for ﬂows logarithms (NS log), and the
volume error (dV) of the model after calibration for some representative stations located on each basin.
The model calibration in the streamﬂow gauges and HPPs locations shows a performance consid-
ered acceptable for forecasting purposes in all three basins, if one takes into account the low data
availability. In the Tocantins basin, NS and NS log values varied generally between 0.6 and 0.85, where
volume errors around −10% and +10%. In the Upper São Francisco basin the results were pretty much
the same, with exception of the Porto Indaiá and Major Porto gauges, where we  believe that the poor
performance is related to some missing events in the sub-basins upstream. For the Doce basin, the per-
formance was below the other basins, with NS generally varying from 0.57 to 0.85, NS log from 0.2 to
0.79, and some volume errors up to −30%. We  mainly attribute these performances to the lack of infor-
mation in the basins upstream. However, in the Aimorés HPP, which is the focus point for the model
development and ﬂow forecasting, the performance of the model was better (NS = 0.9; NS log = 0.79;
dV = 2%) what makes the calibration acceptable for the ﬁnal purposes.
In the context of real-time forecasting, we employed the MGB-IPH standard data assimilation pro-
cedure presented by Paz et al. (2007) to assimilate the gauging stations information. Reservoir inﬂow
data was not, however, assimilated into the hydrological model. Therefore, to obtain inﬂow forecasts
to the reservoir, we applied an output correction to the model results, based on an Auto Regressive
(AR) model, correcting the forecasts values based on the last observed values prior to the forecast start.
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3.3. Quantitative precipitation forecast (QPF) data
The QPF data used in this study was  derived from the TIGGE (THORPEX Interactive Grand Global
Ensemble) database. This initiative is described by Bougeault et al. (2010) and consists of a large effort
to assemble a database of ensemble medium-range forecasts issued by different centres around the
world, so that they stay available for conducting scientiﬁc research. Currently, the TIGGE portals have
EPS data from about 10 forecasting centres, and are a great resource for research about ensemble
forecasting beneﬁts, such as the experiments presented here.
Among all EPS available on TIGGE, three were selected: ECMWF  (European Centre for Medium-
Range Weather Forecasts), GEFS (Global Ensemble Forecasting System issued by NOAA), and CPTEC
(Centro de Previsão de Tempo e Estudos Climáticos global model, from Brazil). As a deterministic refer-
ence forecast for comparison we adopted the high resolution ECMWF  also available in the database of
TIGGE. It was selected for its known good performance compared to other forecasting systems (Buizza
et al., 2005).
The ECMWF-EPS forecasts, described by Buizza et al., 2007, consist of 50 members of perturbed
precipitation of approximately 0.5◦ resolution for the whole globe considering initial uncertainties by
using a singular vectors technique, and model uncertainties due to physical parameterizations by a
stochastic scheme. The data becomes available twice a day at 00:00 UTC and 12:00 UTC with a forecast
horizon of 15 days and time steps of 6 h. The ECMWF  deterministic forecast is available in the same
condition, except to that the total lead-time is 10 days, instead of 15 days.
The GEFS forecasts, described by Toth et al. (2003), Toth and Kalnay (1993, 1997) and Wei  et al.
(2008), consist of 20 members of perturbed precipitation of approximately 1◦ resolution for the whole
globe considering initial uncertainties by using the Ensemble Transform with Rescaling (ETR) tech-
nique (Cui et al., 2012). The data becomes available four times a day at (00:00, 06:00, 12:00, 18:00
UTC) with a forecast horizon of 15 days and time steps of 6 h. For comparison purposes with the two
other models used in this study, only the forecasts produced at 00:00 and 12:00 UTC were used. It is
also important to say that Hamill et al. (2013) presented a new version of the model that is not in the
TIGGE database, and is not used in this study.
The CPTEC EPS forecasts, described by Cunningham and Bonatti (2011), Mendonc¸ a and Bonatti
(2009) and Cavalcanti et al. (2002), consist of 14 members of perturbed precipitation of approximately
1◦ resolution for the whole globe considering initial uncertainties by using EOF-based perturbation
(Zhang and Krishnamurti, 1999) and denominate. The data becomes available twice a day at 00:00
UTC and 12:00 UTC with a forecast horizon of 15 days and time steps of 6 h.
For the use in the hydrological model, all the model data were spatially downscaled to the water-
sheds by Thiessen polygons and disaggregated to hourly time steps.
Forecasts from the ECMWF  and GEFS models were chosen because they are available for the entire
globe, widely used in many operational forecasting systems (Thielen et al., 2009; Demargne et al.,
2014; Alﬁeri et al., 2013; Thiemig et al., 2014), and have a good performance in predicting rains as
shown by several recent studies (Hamill et al., 2000; Wei  and Toth, 2003; Buizza et al., 2005; Bowler,
2006; Leutbecher and Palmer, 2008; Park et al., 2008a,b; Bougeault et al., 2010).
CPTEC forecasts were chosen because they are generated by the Brazilian centre, and thus one of
the ﬁrst options to be considered for hydrological forecasting systems to be developed in the national
scene.
We do not apply bias correction to the NWP  models rainfall. The most important restriction for
bias correction in the present case was the data availability. Good observations from the telemetric
network only are available recently starting in the year 2005, and data from the NWP  models is only
available from October 2006, making the periods short for an adequate analysis.
3.4. Hindcasting experiments setup
The experiment we conducted ﬁrst consisted of setting up the calibrated hydrological models to
be fed with QPF from the EPS obtained in the TIGGE database. This creates a Hydrological Ensem-
ble Prediction System (HEPS) that runs based on meteorological uncertainties. These HEPS were run
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retrospectively for a period of the past deﬁned by the data available for each basin as hindcasting
experiments.
Besides the EPS forecasts, we also processed two  reference forecasts in order to compare the ensem-
bles; the ECMWF  deterministic and the perfect knowledge of observed rainfall. This means that we
processed hindcasts using the ECMWF  deterministic reference forecast and hindcasts using observed
rainfall in the forecast horizon, and both were used as reference for comparisons. In these later tests,
the rainfall predicted for the next 15 days, (forecast horizon), was  assumed to be equal to the rainfall
that was effectively captured by the telemetric network. Often this type of test is also called “perfect”
rainfall, because observations are used instead of precipitation predicted by models. With it, one can
evaluate the system’s response to their predictions considering what actually precipitated over the
forecast horizon. However, it is important to note that even the observed rainfall is not actually perfect,
since sparse telemetric networks are often not able to perfectly capture the correct spatial distribution
of rainfall or its correct volume throughout the basin.
Finally, a sixth option for issuing forecasts was  evaluated in the present study. This option consisted
of the use of all EPS data together, as a grand ensemble, or a super ensemble as was denoted here.
For the composition of the Super Ensemble we  assigned equal weights to all forecast members,
independent of the centre or the original number of members provided by each centre, resulting in an
84 member ensemble. This was the same composition procedure adopted by He et al. (2010) and is
one of the suggestions of Park et al. (2008a,b). With this assumption, it is expected that the ensemble
with more members will have a great inﬂuence on the results, but the investigation about multiple
ways of combining forecasts is beyond the scope of the present work, and so we adopted the same
procedure already tested by the cited authors.
We  used the following terminology to identify the forecasts on our tests:
• ECMWF  ensemble forecasts: ECMWF-pf
• ECMWF  deterministic forecasts: ECMWF-fc
• GEFS ensemble forecasts: GEFS
• CPTEC ensemble forecasts: CPTEC-pf
• Forecasts using observed precipitation: Observed Precipitation
• Combination of ensembles forecasts from the three centres: Super Ensemble.
3.5. Forecasts assessment
Forecast results were assessed for the three major dams located in the downstream area of each
studied watershed. In this case, the evaluated locations were Três Marias HPP (Upper São Francisco),
Aimorés HPP (Doce river), and Estreito HPP (Tocantins River).
The ﬁrst analysis conducted was a visual assessment of the forecasts, where the major ﬂood in the
rainy season of 2011/2012 was selected as an example to be shown to the three basins, since it was
the major ﬂood in the period analyzed for the three cases.
The second analysis conducted was  an overlook of the ensembles spread throughout the entire
investigated period, to show how the theoretical uncertainties given by the different EPS data behave
in the basins. This assessment was based on the simple measure of standard deviation of ensembles.
The third assessment was based on common ensemble evaluation metrics. We  assessed the hydro-
logical forecasts generated to the case studies using six different metrics. The ensemble average
was evaluated using Mean Absolute Error (MAE). Regarding ensemble distribution and spread, we
computed the Mean Continuous Ranked Probability Score (Mean CRPS) and the Rank Histogram. To
compare errors relative to issuing discrete events we computed the Brier Score (BS). The model cali-
bration was evaluated using Reliability Diagrams, and the consistency of forecasts was  evaluated using
the Forecast Convergence Score (FCS).
For each of the catchment case studies, we  adopted a different exceedance threshold, based on the
HPPs operational constraints and attention limits. For the Três Marias HPP, the value was  1400 m3/s,
for the Aimorés HPP the value was 1600 m3/s and for the Estreito HPP the value was 7200 m3/s.
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Details about metrics interpretation are given hereafter. Further descriptions of the metrics com-
putation and its mathematical basins can be found in Brown et al. (2010), Bradley and Schwartz (2011),
Hersbach (2000), Jolliffe and Stephenson (2012), Stanski et al. (1989) and Wilks (2006).
Mean absolute error: In the case of ensemble forecasts, to calculate the MAE, the mean average
value of ensemble members at each lead-time has to be computed ﬁrst. Then, the absolute difference
between this average value and the corresponding observation is calculated. The value of MAE  from a
perfect model would be equal to zero.
Mean continuous ranked probability score: The CRPS is a score that summarizes the quality of a
continuous probability forecast into a number by comparing the integrated square difference between
the cumulative distribution function of forecasts and observations. The average CRPS across all pairs
of forecasts and observations leads to the used Mean CRPS. It is usually considered the probabilistic
equivalent of the MAE, since it reduces the mean absolute error for deterministic forecasts, and allows
the comparison of results between probabilistic and deterministic forecasts. Lower values of mean
CRPS correspond to better results.
Rank histogram:  Is used to evaluate the spread of ensembles. It consists in a simple percentage
computing of cases where observed values are placed between the ensemble forecast members within
all forecasts and lead-times. Each position between each forecast member is denominated a bin, and
the number of bins is equal to the number of members in the ensemble forecast plus one. In the
end, the resulting histograms give a measure of the forecast spread. A perfect spread set of forecasts
would produce a ﬂat uniform rank histogram. High probabilities in both tails (“U” shape) of the rank
histogram are an indicative of lack of spread. An inverted “U” shape rank histogram is an indicative of
excessive spreading.
Brier score: The BS measures the average square error of a probability forecast for a dichotomous
event, deﬁned by a ﬂow threshold exceedance, for example. Error units are given in probabilities. A
perfectly sharp set of forecasts will have resulting BS values equal to zero.
Reliability diagrams: The reliability diagram also gives information about the set of forecasts per-
formance for a discrete event, such as a ﬂow threshold exceedance. In the x-axis of the diagram, the
probabilities that this event is issued by the ensemble forecasting system are plotted. Usually, the
probabilities are given by discrete pre-deﬁned classes (0–20%, 20–40%, . . .,  80–100%, for example).
In the y-axis of the diagram, the conditional probabilities of the real event occurrence are plotted,
given the forecasted probabilities deﬁned in the x-axis. According to the theory behind the reliability
diagram, a deﬁned event should be observed to occur with the same probability as its forecast proba-
bility of occurrence over a large sample. This means that a perfect reliability diagram should be a forty
ﬁve degrees line. Deviations from this line represent different kinds of inaccuracy in the forecast. It is
noteworthy that the reliability diagram results are subject to sampling uncertainty. We  believe that
in the present study the ﬁve-year sample used is adequate for a metric result. In addition to the relia-
bility diagram it is common to display a histogram with the number of forecasts that fall within each
of the pre-deﬁned classes of forecast probabilities. This histogram is called a sharpness histogram
and a desirable format would be U-shape, indicating little uncertainty in the threshold occurrence
indication, although this does not speciﬁcally mean a better performance.
The Forecast Convergence Score based on the Brier Score (FCSbs) describes the consistency of two
sequential forecasts in terms of threshold detection (Pappenberger et al., 2011a,b). Values near to
zero indicate more consistent decisions. The FCSbs, as discussed by Pappenberger et al. (2011a,b), is
therefore not a performance metric, as it does not use comparisons with observations. It is a descriptive
metric that addresses one useful characteristic of forecasts, which is the capability of issuing consistent
consecutive forecasts. This characteristic is especially important in reservoir short-term operations
when the reservoir is also utilized for ﬂood control, which is the case for the Três Marias reservoir.
More consistent forecasts permit an easier decision making process when related to opening spillway
gates or increasing generation to prevent damages.
4. Results assessments
Illustrative examples of forecasts issued for each veriﬁcation point are given in Figs. 3–5. These
ﬁgures show examples of forecasts issued at ﬂood situations in the basins.
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Fig. 3. Forecasts for Três Maras HPP (Upper São Francisco river) issued, respectively with CPTEC-pf, GEFS, ECMWF-pf, and
ECMWF-fc on 28 February 2011 00 h. The dark line shows the observations and coloured lines show the forecasts. Ensemble
mean is highlighted with a dashed line and the 1400 m3/s threshold with a horizontal red line.
Fig. 4. Forecasts for Aimorés HPP (Doce river) issued, respectively with CPTEC-pf, GEFS, ECMWF-pf, ECMWF-fc on 30 November
2009 12 h. The dark line shows the observations and coloured lines show the forecasts. Ensemble mean is highlighted with a
dashed line and the 1600 m3/s threshold with a horizontal red line.
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Fig. 5. Forecasts for Estreito HPP (Tocantins river) issued, respectively with CPTEC-pf, GEFS, ECMWF-pf, ECMWF-fc on 01 January
2013 12 h. The dark line shows the observations and coloured lines show the forecasts. Ensemble mean is highlighted with a
dashed line and the 7200 m3/s threshold with a horizontal red line.
The ﬁrst sequence (Fig. 3) presents a forecast for Três Marias HPP, when the ﬂow reached almost
2000 m3/s on 08 March 2010. On 28 February, when the forecast was issued, the inﬂow was near
400 m3/s. CPTEC-f was not very successful in predicting the 1400 m3/s threshold and the peak, since
all members under forecasted the event. GEFS missed the earlier peak and threshold overcoming,
but from 5 March it performs well with several members crossing above a threshold of 2000 m3/s,
matching the observed. ECMWF-pf encompassed the observations well and indicated the surpassing
of the threshold with the upper members of the ensemble, although some members indicated higher
ﬂows than observed. The deterministic reference forecast (ECMWF-fc) indicated the increase in the
ﬂow, but did not reach the threshold limits and missed the greater observed peak. In this sense, it is
possible to say that GEFS and ECMWF-pf forecasts gave more information about the event than the
deterministic forecast.
The second sequence (Fig. 4) presents a forecast for Aimorés HPP in an event that inﬂow reached
2000 m3/s on 09 December 2010. On 30 November, when the forecast was issued, the inﬂow was
450 m3/s. In this forecast, CPTEC-pf clearly indicated a rise in streamﬂow with all its members, but
the threshold exceedance was 2 days early and peak inﬂows were overestimated by most members.
GEFS also clearly indicated an increasing ﬂow and the threshold exceedance was identiﬁed in time
by some members of the ensemble, but the peak ﬂow was overestimated by most of the ensemble
members and the timing was shifted to around 2 days ahead. ECMWF-pf, on the other hand, did not
clearly indicate the inﬂow increase, but some upper members issued the threshold exceedance and
peak inﬂow with the correct timing. ECMWF-fc deterministic forecast did not follow observations
after 5 December, giving no information about the threshold exceedance and ﬂow peak.
The third sequence (Fig. 5) presents a forecast for Estreito HPP in an event that inﬂow reached val-
ues near 9000 m3/s on 29 January 2013. On 17 January, when the forecast was issued, the inﬂow was
6000 m3/s. CPTEC-pf forecast upper members indicated the occurrence of the threshold exceedance
in time, and peak ﬂow was well forecasted by the central tendency of the ensemble. GEFS also clearly
indicated an increasing ﬂow, but the threshold exceedance was a little late for most of the mem-
bers, and the forecasted peak was greater and later than the observations. ECMWF-pf shows a good
agreement with observations from all members until 29 January, after which the majority of members
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Fig. 6. Monthly analysis of the coefﬁcient of variation (standard deviation divided by mean) among the members of the EPS for
Upper São Francisco river.
show over forecasted inﬂows. The ECMWF-fc deterministic forecast for this example shows an almost
perfect forecast, following observations nearly.
In Figs. 6–8, an analysis of the coefﬁcient of variation (standard deviation divided by mean), among
the members of the EPS according to the month in which the forecast was issued, is presented. The
values shown for each month represent the mean coefﬁcient of variation computed for that month
over the whole tested period at each location.
For the three basins, the “U” shape of the curves shows that for predictions for the months of May
to September (dry months of the tropical climate), the coefﬁcient of variation is smaller, possibly
because all ensemble members generally predict more rainfall near to zero. From October to April,
the rainy season in the watersheds, values are however, higher. This, in a broader sense, may  also
indicate that for the dryer months the quality of forecasts is more dependent on initial conditions and
the hydrological model, and less on the EPS. Further studies about the relationship of initial conditions
and meteorological forcing for large watersheds can be found in the works of Paiva et al. (2012) and
Candogan-Yossef et al. (2013).
All ﬁgures also show an increase in the coefﬁcient of variation with the increase of the forecasts
horizon. For example, at lead time 120 h and January, values for all basins stood around 0.1–0.2. And
at the lead times of 360 h for January deviations ranged from 0.2 to more than 0.5. This increase is
expected due to the increased uncertainty of the predictions with increasing forecast lead time.
For Upper São Francisco river (Três Marias HPP), the coefﬁcient of variation between the EPS was
very similar at all lead times. Exceptions are the values from ECMWF-pf, which are relatively higher
in April and May, and the greater values of GEFS and ECMWF-pf from October to December at lead
time 360 h. The Super Ensemble always had a greater coefﬁcient than the different EPS from which it
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Fig. 7. Monthly analysis of the coefﬁcient of variation (standard deviation divided by mean) among the members of the EPS for
Doce  river.
is composed. This suggests that the composition creates a wider forecast with a greater spread. This
is also to be expected, since more uncertainties are covered by the Super Ensemble.
For Doce River (Aimorés HPP), the coefﬁcient of variation between the EPS was  similar at 120 h
lead time. With increasing lead time, CPTEC-pf showed greater values, followed by GEFS and then
ECMWF-pf. Again, the Super Ensemble suggested a greater coefﬁcient than the EPS that compose it at
almost all lead times and months (except relative to CPTEC-pf at some months and 360 h). We believe
that this happens because the composition creates a wider forecast with a greater spread, and that
more uncertainties are therefore covered by the Super Ensemble.
For Tocantins River (Estreito HPP) at 120 h lead time, the coefﬁcients of variation of all EPS are very
near zero, indicating a small spread in the forecasts. At the two  greater lead times, CPTEC-pf showed
relatively smaller values from October to April, followed by GEFS and ECMWF-pf depending on the
month. Super Ensemble values suggested slightly greater coefﬁcient than the individual EPS in the
majority of lead times and months.
The general analysis of results between basins also indicates that the larger watershed (Tocantins)
usually generates forecasts with a narrower spread than the relatively smaller watersheds, (Upper São
Francisco and Doce).
Assessments of ensembles performance using metrics are shown hereafter. First, results of Mean
Absolute Error (MAE) for the three tested locations are shown in Fig. 9.
As expected, all MAE  results increase with the lead time as uncertainties also increase. In the initial
lead times (between 24 h and 48 h) values of MAE  are practically equal between the different tested
data. This happens because at these lead times results are more dependent on observed values than
on forecasted ones, due to the watershed concentration time, data assimilation, and error correction.
After these lead times, results using the different rain inputs start to differ. In the Três Marias HPP,
the EPS have comparable results until lead time 120 h. After this lead time, CPTEC-pf shows a greater
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Fig. 8. Monthly analysis of the coefﬁcient of variation (standard deviation divided by mean) among the members of the EPS for
Tocantins river.
error than the other EPS, reaching 450 m3/s (360 h), which is twice the error obtained with observed
precipitation 150 m3/s. The EPS with a better performance for Três Marias is ECMWF-pf, with an error
reaching maximum 200 m3/s, suggesting a curve near to the one with observed precipitation.
Also for Três Marias HPP, the comparison between the EPS data and the Super Ensemble data sug-
gests that MAEs not lower than ECMWF-pf can be obtained by the union of all EPS. And the comparison
between the EPS and the deterministic reference forecast indicated that the ensemble mean of ECMWF
and the Super Ensemble lead to lower errors, but the ensemble means of GEFS and CPTEC-pf tend to
have larger errors than the reference until lead time 240 h.
In the Aimorés HPP, the CPTEC-pf shows a greater error than the other EPS from lead time 120 h,
reaching 500 m3/s (360 h), which is twice the error obtained with other data sources. The EPS with a
better performance for Aimorés is ECMWF-pf, with an error reaching a maximum of 180 m3/s, where
errors obtained using observed precipitation stayed around 100 m3/s. The comparison between the
EPS data and the Super Ensemble data showed that lower MAEs can be obtained by the union of
all EPS in comparison to the individual ones, probably because the union compensates for errors in
the ensemble mean. The comparison between the ensembles and the deterministic reference forecast
indicates values very similar to GEFS errors, which are lower than CPTEC-pf, but higher than ECMWF-pf
and the Super Ensemble.
In the Estreito HPP (Tocantins River), similar errors are observed between the EPS until lead time
120 h. After 120 h lead time the errors increase faster (in a 3-step shape). This shape occurs due to the
consideration that upstream reservoirs perfect outﬂow is only known for three days ahead at every
forecast, and for the remaining lead times the outﬂows were considered as “run of the river”.
From lead time 120 h onwards, CPTEC-pf shows a larger error than the other EPS, reaching
values greater than 1200 m3/s (after lead time 288 h). Other EPS, the deterministic forecast and
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Fig. 9. Mean Absolute Error (MAE) results for the three tested locations.
Super Ensemble showed a very similar performance, including some smaller error using the EPS in
comparison to forecasts using the observed precipitation on greater lead times.
Results of mean CRPS for the three tested places are shown in Fig. 10. The Mean CRPS is sometimes
considered the MAE  of ensembles (in fact it is equivalent to the MAE  for a deterministic forecast), and
its results also increase as expected with lead time and uncertainties. In the initial lead times (again
between 24 h and 48 h) values of mean CRPS are very similar for the different tested data. And this
happens due the greater dependency to observed values than to forecasted ones.
After the initial lead times cited above, mean CRPS results using the different rain inputs start
to differ. In the Três Marias HPP, CPTC-pf has the lower value between the EPS until lead time 120 h.
However, from this horizon it shows a greater error than the others. ECMWF-pf was  the EPS with lower
errors from lead time 120 h, including a better performance than the observed precipitation until lead
times near 260 h. The comparison between the EPS data and the Super Ensemble data suggests that
the union of all EPS has the best performance. In addition, the comparison between the EPS and the
deterministic reference forecast always indicated a better performance for all ensembles.
At Aimorés HPP, all EPS had a very similar performance until lead time 120 h. From lead time 120 h
onwards, the CPTEC-pf shows a greater error than the other EPS, reaching values near to 300 m3/s
(360 h), which is twice the error obtained with ECMWF-pf and observed precipitation. The EPS with
a better performance for Aimorés is ECMWF-pf, but with results very similar to GEFS, including per-
formances better than perfect forecasts values until lead times around 192 h. The Super Ensemble
again indicated that the union of all EPS has the best performance of all, as the comparison between
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Fig. 10. Mean Continuous Ranked Probability Score (CRPS) results for the three tested locations.
the ensembles and the deterministic reference forecast always indicates a better performance for
ensembles (except for CPTEC-pf after 192 h).
At Estreito HPP, results are split into two regions from lead times near 120 h. Results from GEFS,
ECMWF-pf and Super Ensemble showed smaller errors below 1000 m3/s at lead time 360 h. On the
other hand, the deterministic forecast (ECMWF-fc) and CPTEC-pf showed greater errors, reaching,
respectively, 1050 m3/s (240 h) and 1200 m3/s (360 h). Forecasts using observed rainfall also showed
errors in the same order of magnitude as ECMWF-fc and CPTEC-pf, which is considered a worse result
than for GEFS, ECMWF. We  believe that this is an effect directly correlated to the raw number of
observations in the basin, which induces the non-detection of events.
Rank Histograms for the three tested locations are shown in Figs. 11, 12 and 13, for selected lead
times of 120 h, 240 h, 360 h. Since the EPS have different number of members (that led a different
number of bins), all the EPS bins were resampled into a total of ten bins, for comparison purposes
between the models.
In all cases, the Rank Histograms from the tested EPS have a “U” shape. This is indicative of a lack
of spread in the ensembles, as it is common for the observation to be located near the lowest or the
highest members of the ensembles. In the Tocantins basin (Estreito HPP) case, the histograms are also
affected by the upstream reservoirs operation, which lead to greater frequencies at bin number ten,
indicating forecasts below observed inﬂows.
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Fig. 11. Rank Histograms for three sampled lead times at Três Marias HPP.
Fig. 12. Rank Histograms for three sampled lead times at Aimorés HPP.
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Fig. 13. Rank Histograms for three sampled lead times at Estreito HPP.
Results of Brier Score for the three tested locations are shown in Fig. 14. As in the two previous
metrics, errors increase with lead time and uncertainties. In the initial lead times values of BS are
similar between the different tested data.
At Três Marias HPP, all the EPS have similar BS values until lead time 144 h. Then, CPTEC-pf presents
greater vales, near to 0.10 in the last lead time. ECMWF-pf shows the best performance amongst the
EPS, very similar to the perfect forecast until lead time 240 h. The comparison between the EPS data
and the Super Ensemble data suggests that the union of all EPS have a lower BS than the individual
ones, even better than the ECMWF-pf. Also, the comparison between the EPS and the deterministic
reference forecast indicated a better performance for ensembles until lead time near to 192 h, where
after results of the deterministic forecast are better than the CPTEC-pf.
At Aimorés HPP results are similar until lead times near 120 h. From lead time 120 h onwards, the
CPTEC-pf shows greater values, near to 0.09 in the last lead time, which is more than twice as big
as the errors obtained with the others EPS (around 0.04) and the perfect forecast (around 0.02). The
ECMWF-pf and the GEFS forecasts had a very similar performance for Aimorés HPP. In relation to the
Super Ensemble, it is again indicated that the union of all EPS has the best performance of all. Also, the
comparison between the ensembles and the deterministic reference forecast indicate a performance
generally better for ensembles (exception for CPTEC-pf after 144 h).
At Estreito HPP, among the tested EPS, at early lead times (48–144 h) ECMWF-pf showed a perfor-
mance slightly better than the others, with values around 0.035. GEFS showed the best performance
at greater lead times (over 192 h) with values around 0.07, and CPTEC-pf the poorest one, which was
also very similar to the deterministic forecast performance, with values over 0.08. The Super Ensemble
showed a performance similar to ECMWF-pf at early lead times and between GEFS and ECMWF-pf at
greater lead times. Surprisingly, the worse performance at greater lead times was the one obtained
with forecasts driven by observed rainfall. This is a clear indication that ﬂow peaks were missed by
the observation network.
The Reliability Diagrams for the three tested locations are shown in Figs. 15, 16 and 17, for selected
lead times of 120 h, 240 h, 360 h. The diagrams were generated using ﬁve classes 0–20%, 20–40%,
40–60%, 60–80%, and 80–100%.
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Fig. 14. Brier Score (BS) results for the three tested locations.
Três Marias HPP calibration diagrams suggest a positive bias in the calibration for the ECMWF-pf
forecasts at the ﬁrst lead time (120 h), as the points with greater probability of occurrence appear dis-
tinctly below the forty-ﬁve degrees line. For the greater lead times (240 h and 360 h), the model shows
a good calibration, with its line always near forty-ﬁve degrees. In the CPTEC-pf and GFS calibration
diagrams, results at all lead-times also point to positive type II bias in the forecasts, increasing with
lead time. This calibration bias is more evident in the CPTEC-pf forecasts.
Results obtained with the Super Ensemble were very similar to the ones obtained with the ECMWF-
pf forecasts, which is the EPS with the greatest number of members. In terms of sample counting,
usually the ﬁrst class of the forecasted probabilities appeared with a greater frequency than the others,
but the greater classes usually also showed a number of samples between 50 and 100. Having fewer
samples in the higher bins is not surprising when one consider that the lower probabilities are more
likely to occur, since it is just a matter of some members indicating the threshold occurrence. Also,
fewer samples occur in the higher bins due to the fact that almost all of the members would have to
exceed this bin threshold.
Aimorés HPP calibration diagrams show a small negative type I bias for ECMWF-pf forecasts, with
the curves above the forty ﬁve degrees lines, suggesting that the forecasting system underestimates
the probability of occurrence of the threshold in comparison to its relative occurrence frequency. For
the CPTEC-pf and GFS forecasts, the calibration diagrams results at all lead-times again pointed to
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Fig. 15. Reliability diagrams for three sampled lead times at Três Marias HPP.
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Fig. 16. Reliability diagrams for three sampled lead times at Aimorés HPP.
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Fig. 17. Reliability diagrams for three sampled lead times at Estreito HPP.
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positive type II bias in the forecasts, with this bias increasing with lead time. This calibration bias is
more pronounced in the CPTEC-pf forecasts.
Super Ensemble results for Aimorés HPP had the same shape as the one obtained with the ECMWF-
pf forecasts, but with smaller positive bias. In terms of sample counting, the ﬁrst class of the forecasted
probabilities appeared with a greater frequency than the others, but the greater classes usually showed
a number of samples between 10 and 100, except ECWMF-pf forecasts at 360 h, which showed a smaller
frequency.
Estreito HPP calibration diagrams for the earlier lead time (120 h) suggest a negative type I bias in
the calibration of all models, although with an inverse tendency for forecasts forecasted with higher
probabilities. At the mid  lead time (240 h), ECMWF-pf indicated an overall positive type I bias tendency,
while GEFS and CPTEC-pf indicated a positive tendency for forecasts issued with lower probabilities,
and a negative tendency for forecasts emitted with lower probabilities. At the greater lead time, the
EPS based forecasts mainly indicated a positive calibration bias for forecasts issued with probabilities
higher than 0.2.
Furthermore, for Estreito HPP, results obtained with the Super Ensemble tended to follow interme-
diate values among the EPS. This, in general, allows for the Super Ensemble calibration to be considered
slightly better than the individual EPS. In terms of sample counting, the ﬁrst class of forecasted prob-
abilities appeared more often with a greater frequency than the others, but the higher classes usually
showed a number of samples greater than 50 (except for some intermediate classes at the ﬁrst lead
time).
Forecast convergence scores for the test-beds are shown in Fig. 18. On the vertical axis, the score
values are shown and on the horizontal axis the paired lead times values. It is important to remark
that this score measures a characteristic, and not the quality of forecasts, and therefore, lower values
do not automatically indicate better performance.
For Três Marias HPP, the FCSbs results indicate increasing values for the deterministic forecast,
GEFS forecasts, and for the CPTEC-pf forecasts, and decreasing values for ECMWF-pf forecasts with
lead time. Also, values of ECMWF-pf were the lower ones among the EPS, the GEFS the higher ones,
and the deterministic forecasts showed the highest FCSbs values among all tested data. This means
that in general, the decision about the threshold exceedance changes less among the EPS (and less
using ECMWF-pf among the EPS), than when using the deterministic one.
The Super Ensemble FCSbs values at Três Marias HPP were very similar to the ECMWF-pf ones,
which decrease in time and indicates more consistency. Also the comparison with forecasts using
observations indicates that ECMWF-pf and Super Ensemble were as consistent as the observations
about the decisions.
For Aimorés HPP, increasing FCSbs values were veriﬁed for the deterministic forecast and for
CPTEC-pf forecasts, and decreasing values with lead time were found for GEFS and ECMWF-pf fore-
casts. Again, ECMWF-pf values were the lowest ones among the EPS. The highest ones were from
CPTEC-pf among the EPS, and the deterministic forecasts showed the largest FCSbs values among all
the tested data. This again means that more often than not, the decision about the threshold occur-
rence changes less among the EPS (and less using ECMWF-pf), than when using the deterministic
reference.
Super Ensemble results at Aimorés HPP were very close to ECMWF-pf in terms of FCSbs, indicat-
ing consistency between the consecutive decisions. In addition, the comparison with forecasts using
observations indicates that ECMWF-pf (and perhaps also GEFS) are as consistent as forecasts driven
by observations.
At Estreito HPP, the ﬁrst important information is the one given by the shape of the metric results.
At mid  lead times (100–180 h), peaks occur in the metric values. Those peaks are a result of the
consideration in the experiment of the reservoir’s operation. As mentioned previously, at three days
the outﬂow is switched from known upstream releases to ‘run of the river’, which caused the resulting
peak in the metric graph. In addition, the deterministic forecast FCSbs values always indicate lower
consistency among consecutive forecasts than any of the used EPS. Among the EPS, ECMWF-pf pointed
to the highest consistency between forecasts, and this behaviour was followed by the Super Ensemble.
In the comparison with observations, again ECMWF-pf and Super Ensemble can be considered to be
as consistent as forecasts driven by observations.
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Fig. 18. Forecast Convergence Score (FCSbs) results for the three tested places.
5. Discussions
Metrics show that for small lead times, results are less dependent on the meteorological forcing and
more related to observed conditions in the basin, with almost no spread in the ensemble. For lead times
close to 5 days, results at all basin’s and EPS differs, but differences are generally smaller compared with
the ones veriﬁed on greater lead-times. At larger lead times, results indicate that ensemble forecasts
issued using ECMWF-pf and GEFS, respectively, usually outperform the deterministic reference in
terms of direct errors (MAE, CRPS) and the detection of threshold exceedance (BS). This includes some
cases for which ECMWF-pf performs better than forecasts using observed rainfall. Forecasts using
CPTEC-pf sometimes show poor performance in terms of MAE, CRPS and BS for larger lead-times,
being outperformed by the other EPS and by the deterministic reference.
The assessment of the forecast’s spread using the coefﬁcient of variation does not give any evidence
of a relationship between forecasts quality and spread. It does, however, provides three remarkable
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conclusions about the simulated system: (i) uncertainties are concentrated in the wet period; (ii) using
Super Ensemble composition generates wider ensembles, which may  sample more uncertainties; (iii)
in the largest watershed (Tocantins) the coefﬁcient (and also spread), was smaller than in the smaller
ones, what can be related to a scale damping effect, and also to the basin ﬂow control by dams.
In terms of calibration (reliability diagram), ECMWF-pf shows a good calibration for the Upper
São Francisco river basin, a negative conditional type I bias in the Doce river basin, and a calibration
varying with lead time in the Tocantins basin. Both CPTEC-pf and GEFS forecasts showed calibrations
related to positive conditional type I bias in the Upper São Francisco and Doce basins, showing that
with these models the exceedance of the threshold level had a bigger probability than its conditional
observed frequency of occurrence. CPTEC-pf generally presented a decrease in the calibration with
lead-time, while this was not so remarkable for GEFS. In the Tocantins basin the calibration was  also
shown to be dependent on lead-time, showing a negative type I bias at earlier horizons, which changes
to a positive one in greater horizons.
In terms of the forecast consistency, two  consecutive forecasts of the EPS are always more con-
sistent than those of the deterministic reference forecast in terms of FCS and BS. This means that
the ensembles promote fewer changes in the decisions about the threshold exceedance in compari-
son to the deterministic forecast. Also, of the tested EPS, the forecasts using ECMWF-pf were usually
more consistent, followed consecutively by GEFS and CPTEC-pf in the Upper São Francisco and in the
Tocatins rivers basins, and by CPTEC-pf and GEFS in the Doce basin.
It is important to mention that, in terms of BS and FCS, ensemble forecasts can issue for inter-
mediate probabilities of occurrences, while deterministic forecasts can only issue for binary decisions
(occurrence or not occurrence). Also, despite results already suggesting that full ensembles have better
performance and are more consistent, there is another additional value in the probabilistic forecasts.
Since decision making based on deterministic forecasts is also deterministic, the availability of proba-
bilistic forecasts enable an application of stochastic techniques which consider both the expected value
as well as its probability distribution. In other words, it is possible to make a more stable, weighted
decision that would allow a satisfactory operation considering all possible futures.
An explanation for the different performances between the models may  be found in various factors,
such as different methods for generating initial conditions, models physics, spatial resolution, param-
eterizations, and the number of members in the ensemble. In terms of spatial resolution, ECMWF-pf is
the EPS with the highest resolution, and also the one with the better performance in Três Marias HPP
(Upper São Francisco) and Aimorés HPP (Doce) basins, but it was not always the best model for the
Estreito HPP (Tocantins) basin. This last consideration is interesting, because Tocantins basin has the
greater area (310,000 km2) in comparison to the other two  basins (50,000–65,000 km2). This can be an
indication of a relationship between watershed scale and necessary meteorological forecast resolution
trade-off. This was, however, not the case for CPTEC-pf and deserves further investigations.
The number of ensemble members’ inﬂuence in the metrics results may  be also relevant, because
the results usually show that the ensembles with the greater number of members (ECMWF-pf and
Super Ensemble) presented good performance. In the works of Buizza and Palmer (1998), Richardson
(2001), Müller et al. (2005), Weigel et al. (2007a,b), and Ferro et al. (2008) the authors discuss the
importance of the number of members and suggest that ensembles with fewer members can inﬂuence
some metrics results. Although, that was  not the case in the veriﬁed results, which showed CPTEC-pf
(14 members) as the best performance between 48 h and 120 h in terms of CRPS in the Três Marias
basin. Also for the Tocantins basin, GEFS results (20 members) were better than the other EPS at greater
lead times. Finally, the number of members by itself is a characteristic of the EPS, and the ability to
produce more distinct forecasts is a merit of the centre that produces it.
When the used EPS were combined to compose a grand-ensemble (named here Super Ensemble),
with 84 members, the results mostly showed better performance for the Super Ensemble than the
individual EPS for the used metrics. The curves obtained for the results had always a shape similar to
ECMWF-pf that has the greatest number of members, but with metric values considered better. We
believe that these results are related to the larger range of uncertainties being sampled in the forecast,
where the Super Ensemble also accounts for the meteorological models structure deﬁciencies.
Also, we believe that the composition of the Super Ensemble is a more robust strategy in comparison
to the use of one single EPS. Not only due to its good performance, but also related to operational
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security, when one model forecast fails or results do not seem reliable, one can account for others
results. This option about model results interpretation can be based on assessments such as the ones
shown here, of EPS individual performances.
When comparing the basins, the results provide evidence that the tested EPS have a distinct per-
formance at the different watersheds. For example, ECMWF-pf seemed to have the best performance
in Três Marias HPP, but in Aimorés HPP performances from ECMWF-pf and GEFS were closer to each
other, and at Estreito HPP, GEFS outperformed the other models after initial lead times. This rein-
forces the idea that, although all basins are located in the same climatic tropical region, performances
obtained at one watershed cannot be directly transposed to another.
One cannot discard that bias may  play a role in the comparison of results, since no bias removal
technique was applied. This is an assessment that could be better addressed in the future, when
databases are longer and consolidated enough for this purpose.
The Upper São Francisco and Doce rivers basins had problems related to the few observations in
the region, but at Tocantins river basin this showed to be an issue of greater importance. Forecast runs
using observed precipitation were outperformed by GEFS and ECMWF-pf in terms of CRPS and BS
statistics. In addition, another characteristic that makes Tocantins a special case is the presence of the
Dams cascade. This setting is very usual in Brazilian large scale basins, on rivers such as Paraná (where
Itaipu HPP is located), Iguac¸ u (southeast), and Uruguay (southern region). Therefore, the model setup
and assessment of results for these kinds of basins is of particular importance for the development of
further forecasting systems, either for energy generation or for anticipating ﬂoods.
Finally, we  would like to mention that we are aware that some of the models tested here are
constantly under improvement. For example, GEFS received updates that were not included in the
TIGGE archive yet, as described by Hamill et al. (2013). The CPTEC global model has also been improved
recently, but the data from the new model was not yet in the TIGGE archive during the development
of the present work. As our focus was  to demonstrate the importance and use of TIGGE as an enabler
of research on ensemble forecasting, we  did not test these new versions, despite the fact that they are
already in use. Results with new GEFS information, for example, can be found in Fan et al. (2014a,c,d).
6. Conclusions
This work presents one of the ﬁrst extensive efforts to evaluate ensemble forecasts for large-scale
basins in South America using TIGGE archive data. We  have taken into the account the location of
hydro power plants reservoirs, which are important users of forecasts.
We believe that the ﬁrst remark of interest from the study is the importance of TIGGE, where data
from multiple centres can be obtained, and thus the possible beneﬁts of ensemble forecasts and tests
on multiple EPS applications can be made. This can help in accelerating the development of research
in regions where these products would not be so easily available.
In general, ensemble forecasts, especially those from ECMWF-pf and GEFS show a superior per-
formance in terms of metrics in comparison with the deterministic prediction. Moreover, ensembles
proved to be more consistent in terms of sequential decisions than the deterministic forecasts, which
may be beneﬁcial in reservoir operation decision making, for example, if the forecasts also appear to
have fewer errors.
The performance, the calibration and the consistency of results among the test sites was distinct.
This means that one cannot assume results to be similar to other basins, even though the entire study
area lies within a tropical climate zone. In addition, for smaller basins a greater spreading of the
ensemble was observed, and the opposite for the bigger watershed, possibly because the larger area
has a damping effect on rainfall-runoff generation and routing processes.
The combined forecast, (denominated here Super Ensemble), showed to be a good option. Firstly,
it was observed to span more uncertainty, and the resulting performance was always among the best
of the options tested. Second, it can be a robust alternative for forecast generation. What could be
visually inferred from the ensemble is that the individual models do not always give a unanimous
prediction on the occurrence of events. However, indication by more than one model in the combined
forecast gives more reliability to a user, and is less subjected to problems such as operational failures.
Despite this, it is important to mention that the operation of this type of system can be affected by
F.M. Fan et al. / Journal of Hydrology: Regional Studies 4 (2015) 196–227 223
computational issues linked to preprocessing large amounts of data and the time required to run
multiple models, which usually increases with the scale of the basins. We  also suggest other forms of
Super Ensemble composition to be tested, because in our case we attach great importance to the EPS
with more members.
In all basins, results from the different EPS differ for lead times near to 5 days. However, these
differences were not highly sensitive in comparison to the ones veriﬁed for greater lead times. There-
fore, in the development of further forecasting systems for these large scale basins, different EPS or
Super Ensembles may  not be required, if ﬁve days is enough for decision support. Another impli-
cation of the tests is related to the rainfall observed, primarily a problem in the Tocantins River
basin. The station’s set-up in the basin was  shown to be unable to capture all the rainfall occur-
ring in the area. For the development of a forecasting system targeted to larger areas in South
America, for example, this is certainly a challenge to overcome. In this case, it would be necessary
to include some strategies for hydrological forecasting that combine point observed rainfalls with
satellite rainfall estimations, as presented by Vila et al. (2009), Rozante et al. (2010), and Fan et al.
(2014a).
For hydropower generation and ﬂood protection in large-scale basins, the implications of the results
shown here are that forecasts that can be generated are comparable in terms of quality and consistency
to forecasts generated using observed rainfall in the horizon (even though observations are not at all
perfect), and this good performance can certainly assist in systems operation. As ensemble forecasts
are not as simple to interpret as deterministic forecasts, we believe that the best strategy to do this is
through the use of forecasts in mathematical optimization models.
An extra operational challenge emerges regarding the consideration of the operation and the uncer-
tainty of the effect of reservoir operation cascade, as was  the case for the Tocantins river basin shown
here, which is a common conﬁguration of large Brazilian river basins. Finally, we believe that the
techniques employed, including the pending improvement opportunities, proved to be suitable for
employment in a planned “SAFAS” system, promoting the issue of large scale results in an hourly
time-step.
We hope that this work will be considered an expansion of the knowledge about the application
of ensemble forecasts veriﬁcation all over the world, contributing to the composition of knowledge
about the studied aspects.
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